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Abstract: Background: Our study assesses the diagnostic value of different features extracted from
high resolution computed tomography (HRCT) images of patients with idiopathic pulmonary fibrosis.
These features are investigated over a range of HRCT lung volume measurements (in Hounsfield
Units) for which no prior study has yet been published. In particular, we provide a comparison
of their diagnostic value at different Hounsfield Unit (HU) thresholds, including corresponding
pulmonary functional tests. Methods: We consider thirty-two patients retrospectively for whom both
HRCT examinations and spirometry tests were available. First, we analyse the HRCT histogram to
extract quantitative lung fibrosis features. Next, we evaluate the relationship between pulmonary
function and the HRCT features at selected HU thresholds, namely −200 HU, 0 HU, and +200 HU.
We model the relationship using a Poisson approximation to identify the measure with the highest
log-likelihood. Results: Our Poisson models reveal no difference at the −200 and 0 HU thresholds.
However, inferential conclusions change at the +200 HU threshold. Among the HRCT features
considered, the percentage of normally attenuated lung at −200 HU shows the most significant
diagnostic utility. Conclusions: The percentage of normally attenuated lung can be used together with
qualitative HRCT assessment and pulmonary function tests to enhance the idiopathic pulmonary
fibrosis (IPF) diagnostic process.
Keywords: idiopathic pulmonary fibrosis; high resolution computed tomography; radiomics
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1. Introduction
Idiopathic pulmonary fibrosis (IPF) is a chronic disease characterized by an irreversible decline
in lung function [1–3]. The progressive development of fibrotic areas within the parenchyma of the
lungs is also accompanied by a decline in the patient’s ability to perform everyday activities and,
consequently, an overall decline in quality of life [4]. In general, the expected survival time of a patient
diagnosed with IPF is typically 3–5 years, which may be stretched to 5–7 years with proper anti-fibrotic
therapy [5]. Common parameters for the evaluation of IPF severity include diffusion capacity for
carbon monoxide (DLco) and forced vital capacity (FVC), whose variation over time is associated with
patient mortality. IPF produces rather distinctive features in high resolution computed tomography
imaging (HRCT). For example, traction bronchiectasis and the extent of fibrosis, both obtained from
HRCT images, have been reported to be powerful prognostic predictors for mortality. As such,
HRCT constitutes a valuable diagnostic tool [5] capable of reducing diagnosis time and avoiding more
invasive surgical investigation. Qualitative evaluation of disease extension from HRCT, in combination
with physiological parameters, can be used to stage the disease [6]. Unfortunately, the outcome of such
visual analysis can vary widely, even when performed by equally trained radiologists. In contrast,
it has been demonstrated [7–11] that physiological parameters (e.g., FVC and DLco) closely correlate
with parameters derived from HRCT. As such, quantification of the latter has become an important
routine practice for IPF assessment and for the detection of abnormalities in the lung parenchyma.
These considerations motivate the search for innovative lung image processing methods capable of
assessing HRCT parameters [8] in a repeatable and quantitative manner. In this context, segmentation
plays a crucial role. Although many professionals still prefer manual over automatic segmentation,
two main drawbacks arise: (i) HRCT scans comprise hundreds of slices, making manual segmentation
extremely time-intensive; and (ii) the result becomes highly operator-dependent. Since repeatability of
the segmented result can only be guaranteed by computer-assisted methods [12], several automatic
segmentation tools have been proposed [13–17]. In addition, automatic computer-based assessment
may further improve the objectivity, sensitivity, and repeatability of such quantitative analysis
(e.g., histogram analysis and texture patterns, see Figure 1).
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a large set of quantitative features and analyses their statistical correlation with 
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most relevance [22,23]. Nevertheless, radiomic results are highly influenced by the 
tissue region considered, and this becomes an important limitation when 
segmentation is performed manually. Radiomics provides reliable results only if the 
whole process is automatic and user-independent. Consequently, automatic 
segmentation becomes crucial to ensure reproducible prediction [24,25]. 
In this study, we investigate the correlation of HRCT features from thirty-two 
IPF patients with selected physiological parameters. Most advanced HRCT feature 
extraction algorithms based on texture analysis are computationally demanding. As 
a consequence, their application has remained confined to research studies. To avoid 
this computational burden, some studies have focused on HRCT histogram 
evaluation [23]. The latter requires considerably less computation and is therefore a 
viable option for clinical applications. Quantitative parameters based on image 
histograms have been used to evaluate lung fibrosis scores and, consequently, to 
monitor the extent and severity of IPF [26]. We emphasize that: 1) the pulmonary 
fibrosis fraction (PFF%) parameter shows significant negative correlation with both 
FVC and DLco [7], 2) the percentage of the volume of normally attenuated lung 
(NL%) closely correlates with lung physiology variables, showing a large area under 
the receiver operating characteristic curve (ROC) for detecting patients in moderate 
or advanced stages of IPF [8], 3) the high-attenuation area (HAA) parameter reflects 
physiological impairments correlating with physiological measures, with visual 
fibrosis scores [9], and with transplant-free survival [10]. Furthermore, HRCT 
histogram indices including kurtosis, skewness, mean lung density (MLD), median, 
and variance have been considered as well [11]. Among these, kurtosis has been 
Figure 1. Representative high-resolution computed tomography (HRCT) study and extraction of lung
histogram to obtain quantitative parameters.
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In this context, ‘radiomics’ has shown high potential for disease detection and treatment response
prediction [18–21]. In contrast with traditional approaches, where HRCT images are inspected and
subjectively interpreted, radiomics extracts a large set of quantitative features and analyses their
statistical correlation with observable aspects of the disease (e.g., physiological parameters) to identify
those of most relevance [22,23]. Nevertheless, radiomic results are highly influenced by the tissue
region considered, and this becomes an important limitation when segmentation is performed manually.
Radiomics provides reliable results only if the whole process is automatic and user-independent.
Consequently, automatic segmentation becomes crucial to ensure reproducible prediction [24,25].
In this study, we investigate the correlation of HRCT features from thirty-two IPF patients with
selected physiological parameters. Most advanced HRCT feature extraction algorithms based on
texture analysis are computationally demanding. As a consequence, their application has remained
confined to research studies. To avoid this computational burden, some studies have focused on
HRCT histogram evaluation [23]. The latter requires considerably less computation and is therefore
a viable option for clinical applications. Quantitative parameters based on image histograms have
been used to evaluate lung fibrosis scores and, consequently, to monitor the extent and severity of
IPF [26]. We emphasize that: (1) the pulmonary fibrosis fraction (PFF%) parameter shows significant
negative correlation with both FVC and DLco [7], (2) the percentage of the volume of normally
attenuated lung (NL%) closely correlates with lung physiology variables, showing a large area under
the receiver operating characteristic curve (ROC) for detecting patients in moderate or advanced stages
of IPF [8], (3) the high-attenuation area (HAA) parameter reflects physiological impairments correlating
with physiological measures, with visual fibrosis scores [9], and with transplant-free survival [10].
Furthermore, HRCT histogram indices including kurtosis, skewness, mean lung density (MLD),
median, and variance have been considered as well [11]. Among these, kurtosis has been identified as
a strong predictor for mortality [9]. While they are extremely promising, these studies greatly differ
in the type of software used to perform IPF analysis, and a consistent definition of the Hounsfield
Unit (HU) range in which the whole lung volume should be measured is not discussed. HU is a
dimensionless quantity obtained from a linear transformation of the attenuation coefficients measured
in CT imaging, typically used to express voxel values in a standardized form. HU ranges from −1000
for air, to approximately 2000 for dense bone. Conventionally, the tissue with HU values between
two thresholds is used to estimate lung volume. The lower threshold is typically set to −1024 HU,
while the upper threshold is variable. The choice of the upper threshold has deep repercussions on
the calculation of HRCT parameters and may affect the judgement of IPF severity. To understand
the role of this threshold we investigated three different choices, namely −200, 0, and 200 HU as
often encountered in the literature. To better motivate these choices, we review the IPF parameters
introduced by several other researchers (from [7–10]):
• Salaffi et al. [7] proposed the PFF% parameter, defined as the percentage of the non-fibrotic
area (from −1.024 HU to −700 HU) in the HRCT lung volume (from −1.024 HU to −200 HU).
This motivates our −200 HU choice.
• Ohkubo et al. [8] proposed the NL% parameter, defined as the percentage of the normally
attenuated lung (from −950 HU and −701 HU) in the HRCT lung volume (from −1.024 HU to
0 HU. This motivates our 0 HU choice.
• In Tanizawa et al. [9], HAAs and LAAs were defined as areas with attenuation values greater than
−200 HU and less than −960 HU, respectively. HAA is indicative of parenchymal lesions, such as
ground-glass opacity and reticulation, whereas LAA is indicative of emphysematous patches.
Additionally, HAA% and LAA% were defined as percentages of the HRCT lung volume) occupied
by HAA and LAA, respectively. Unfortunately, HU thresholds were not explicitly declared in
this study.
Diagnostics 2020, 10, 306 4 of 12
• Ash et al. [10] introduced the HAA_A% parameter as an alternative to HAA. HAA_A% corresponds
to the percentage of the HRCT lung volume that has a density from −250 to −600 HU. The HRCT
lung volume was considered, in this case, from −1.024 HU to −200 HU.
• Finally, Klim et al. [11] obtained kurtosis, skewness, MLD, median, and variance values by
choosing +200 HU as the upper threshold in the HRCT lung volume calculation. Of course,
this motivated our last threshold choice.
In summary, we see that the −200, 0, and 200 HU thresholds are frequently encountered in the
literature, and yet, the impact of these choices on the reliability of the IPF parameters has been largely
overlooked. Therefore, not only did we investigate state-of-the-art HRCT parameters (listed in Table 1)
to gain insight into their relationship with physiological parameters and identify potential surrogate
measures from HRCT examinations in a real-life work setting, but we examined the effect of different
HU threshold choices as well.
Table 1. State-of-the-art-parameters obtained from HRCT found in recent literature. In the specific,
high-attenuation area (HAA)% [9] is defined as areas with attenuation values greater than−200 Hounsfield Unit
(HU). HAA_A% [10] is defined as the percentage of the whole lung volume with a density between −250
and −600 HU. Pulmonary fibrosis fraction (PFF), normally attenuated lung (NL), HAA, LAA, and HAA
parameters are expressed in percentage values (%) while kurtosis, skewness, mean lung density, median,
and variance are expressed in absolute values.
HRCT Parameter Acronyms Reference
Pulmonary fibrosis fraction PFF% [7]
Normally Attenuated Lung NL% [8]
High Attenuation Area HAA% [9]
Low Attenuation Area LAA% [9]
High Attenuation Area HAA_A% [10]
Kurtosis - [11]
Skewness - [11]
Mean Lung Density MLD [11]
Median - [11]
Variance - [11]
A systematic statistical analysis among quantitative parameters obtained using different HU
thresholds is essential to produce robust and accurate IPF biomarkers. Consequently, this study aims
to extract and validate quantitative features from HRCT imaging and to create a “Medical Decision
Support System” capable of improving routine clinical practice related to the diagnosis of IPF beyond
the current standards (ATS/ERS/JRS/ALAT guidelines [4]).
The paper is organized as follows. Section 2 describes the methodology to extract HRCT
parameters. Section 3 describes the data used and illustrates the main results, while Section 4 is devoted
to discussion.
2. Materials and Methods
2.1. Patients
Our study evaluated retrospectively a set of thirty-two patients. All patients participated
in a multidisciplinary team diagnosis of IPF as specified by the 2011 American Thoracic Society
(ATS)/European Respiratory Society (ERS)/Japanese Respiratory Society (JRS)/Latin American Thoracic
Association (LATA) IPF guidelines. Only patients with no-contrast and volumetric thin-section CT
were included in the present study. All patients were treated, as recommended, with antifibrotic
therapies (either pirfenidone or nintedanib). All clinical data were obtained from medical records.
FVC and DLco were performed according to the ATS/ERS guidelines using Vmax Sensor Medics and
Jaeger (VIASYS Healthcare; Yorba Linda, CA, USA), and the results were expressed as percentages
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of predicted values. Written informed consent was not obtained from the patients because of the
retrospective nature of the study which used clinical and HRCT data accumulated in daily practice.
Nevertheless, the study was approved by the ethical committee of the Policlinico-Vittorio Emanuele
Hospital of Catania (.letter number 0039547, protocol QH-IPF, date 5 September 2018).
2.2. High Resolution Computed Tomography (HRCT) Protocol
All patients underwent volumetric thin-section HRCT examinations using a CT Philips scanner
(Philips Healthcare, Cleveland, OH, USA). Scans were obtained at full inspiration from the apex to the
lung base with the patients in the supine position. Thin-section CT images (no more than 1.5 mm)
were with sharp kernel imaging reconstruction, contiguous or overlapping images.
2.3. Quantitative HRCT Assessment
The quantitative analyses of HRCT datasets were performed using an in-house processing tool
developed in MATLAB® R2016a (The MathWorks, Natick, MA, USA), running on iMac (3.5 GHz
Intel Core i7 processor, 16 GB memory random-access memory; Apple Computer, Cupertino, CA,
USA) with Mac Operating System OS X El Capitan. First, to isolate the lungs from other tissues and
structures, automatic HRCT segmentation was performed using a region growing algorithm [27]
and isolating voxels between +200 and −1.024 HU. The same region growing method was used to
eliminate the trachea. Next, a thoracic radiologist inspected the segmentation and, in the case of coarse
anatomical misrecognition or inaccurate segmentation, manually guided the delineation. At this
point, HRCT attenuation histograms were obtained. Proceeding further, we considered three different
upper HU thresholds (−200 HU, 0 HU, and 200 HU) producing three derived HRTC histograms for
each study. Finally, we calculated the values of the most common state-of-the-art HRCT parameters:
PFF% [7], NL% [8], HAA%, LAA% [9], and HAA_A% [10], obtaining three different indices sets
corresponding to each threshold. In addition to these parameters, other HRCT histogram indices
including kurtosis, skewness, mean lung density (MLD), median, and variance were considered as
well (Table 1). With concern to kurtosis, large values seem to indicate mild IPF, while low values may
indicate severe IPF. Among the various formulas for calculating kurtosis, we used the formula which




]2 − 3 (1)
where x indicates density (ranging from −1024 to the selected upper HU threshold) and y is the mean
attenuation value from the histogram [11]. Skewness describes the degree of asymmetry of a histogram,
with a long right tail indicating positive skewness [11]. Table 1 presents a complete list of the HRCT
parameters considered in our analysis.
2.4. Statistical Analysis
Statistical analyses were carried out using the computing environment R (R Development Core
Team, 2005). Characteristics of the study population were expressed using mean and standard deviation
(SD). FVC and DLco indices were put in relationship with HRCT measures. Their relationship was
examined using several regression models (general linear model (GLM), generalized linear mixed
model (GLMM), and vector generalized linear models (VGLM)) checking for potential differences at
different thresholds for the upper limit of the whole lung (−200, 0, and +200 HU). A p-value less than
0.05 was considered significant.
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3. Results
3.1. Subsection
Patient’s ages ranged from 55 to 82 years (age mean ± SD, 68.34 ± 6.47), and 6 out of 32 patients
were women. FVC and DLco were 89.03 ± 19.63% and 62.84 ± 17.06%, respectively. HRCT parameters
were calculated considering the three different upper HU thresholds (−200, 0, and +200). Representative
images from patients with less severe (patient 1) and more severe (patient 2) evidence of IPF are shown
in Figure 2. Histograms of distribution, pulmonary function tests, and some HRCT parameters are
also reported for each subject considering HU < 200.
Figure 2. Two representative clinical cases: HRCT images (left), HRCT lung histograms (centre),
pulmonary function tests and quantitative parameters (right): (a) Patient affected by moderate
idiopathic pulmonary fibrosis (IPF), (b) Patient with more severe evidence of IPF. Forced vital capacity
(FVC), diffusion capacity for carbon monoxide (DLCO), PFF, NL, HAA, LAA, and HAA_A parameters
are expressed in percentage values while kurtosis is expressed in absolute value.
3.2. Exploratory Analysis
Starting with an exploratory analysis of HRCT measures, the correlation between these measures was
computed. Statistical synthesis measures of density (kurtosis, skewness, MLD, median, and variance) [11]
were highly correlated at each threshold, as shown in Figure 3. As a result, we only considered kurtosis,
given that it is the most useful measure in assessing patient condition, as reported in [9].
Kurtosis, PFF, NL, HAA LAA, and HAA_A of the 32 patients are summarized in Table 2 considering
the three different upper HU thresholds (-200, 0, and +200).
Their correlation varied consistently depending on the threshold, as shown in Figure 4 and further
highlighted in Tables 3 and 4. HAA, defined as the areas with attenuation values greater than −200 HU,
is not shown in Table 3 for the −200 HU threshold. Minimal differences between measure at −200 or
0 HU were identified, while at +200 HU the magnitude of the relationships changes noticeably.
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Figure 3. Pairwise scatter plot matrix, and correlation coefficients (ρ) of HRCT histogram indices
including kurtosis, mean lung density (MLD), variance, skewness, and median at -200 (left), 0 (right),
and 200 HU (centre).
Table 2. Mean (%) ± Standard Deviation (SD) and median values (%) of HRCT parameters obtained
considering the three different HU thresholds. HAA, defined as the areas with attenuation values
greater than −200 HU, is not shown in the first column.
−200 HU 0 HU 200 HU
Parameters Mean ± SD Median Mean ± SD Median Mean ± SD Median
NL% 65.12 ± 7.41 65.24 61.51 ± 6.68 62.96 58.99 ± 10.64 61.29
PFF% 23.98 ± 8.25 22.71 26.84 ± 9.32 24.80 31.05 ± 11.94 26.40
HAA% n.a. n.a. 14.84 ± 24.97 3.95 9.42 ± 10.99 4.88
LAA% 8.51 ± 6.42 5.95 9.15 ± 5.50 6.95 7.19 ± 4.59 5.57
HAA_A% 14.09 ± 4.87 13.61 14.16 ± 4.74 13.81 12.70 ± 4.40 12.23
Kurtosis 1.49 ± 1.08 1.39 1.65 ± 3.02 1.69 1.91 ± 3.33 1.95
n.a.= not applicable
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Figure 4. Pairwise scatter plot matrix, and correlation coefficients (ρ) of HRCT histogram indices
including NL, PFF, HAA_A, kurtosis, HAA, LAA at −200 (left), 0 (right), and 200 (centre) HU. HAA,
being defined as the areas with attenuation values greater than −200 HU, is not shown in the first
matrix. In NL, PFF, HAA_A, HAA, LAA parameters, the ‘%’ has been omitted for ease of reading.
Table 3. Correlation matrix of HRCT histogram indices including NL, PFF, HAA_A, kurtosis, and LAA
at −200 HU threshold. HAA, defined as the areas with attenuation values greater than −200 HU, is not
shown. In NL, PFF, HAA_A, HAA, LAA parameters, the ‘%’ has been omitted for ease of reading.
HU: −200
NL PFF HAA_A Kurtosis LAA
NL 1.00 −0.58 −0.60 0.62 −0.41
PFF −0.58 1.00 0.99 −0.87 −0.50
HAA_A −0.60 0.99 1.00 −0.90 −0.47
Kurtosis 0.62 −0.87 −0.90 1.00 0.31
LAA −0.41 −0.50 −0.47 0.31 1
Table 4. Correlation matrix of HRCT histogram indices including NL, PFF, HAA_A, kurtosis, HAA
and LAA at 0 and +200 HU threshold. In NL, PFF, HAA_A, HAA, LAA parameters, the ‘%’ has been
omitted for ease of reading.
HU: 0 HU: 200
NL PFF HAA_A Kurtosis HAA LAA NL PFF HAA_A Kurtosis HAA LAA
NL 1.00 −0.65 −0.65 0.51 −0.10 −0.34 1.00 −0.83 −0.24 0.81 −0.76 −0.14
PFF −0.65 1.00 0.99 −0.62 0.13 −0.49 −0.83 1.00 0.45 −0.90 0.79 −0.44
HAA_A −0.65 0.99 1.00 −0.62 0.10 −0.48 −0.24 0.45 1.00 −0.36 −0.19 −0.40
Kurtosis 0.51 −0.62 −0.62 1.00 −0.69 1.00 0.81 −0.90 −0.36 1.00 −0.77 0.29
HAA −0.10 0.13 0.10 −0.69 1.00 −0.06 −0.76 0.79 −0.19 −0.77 1.00 −0.19
LAA −0.34 −0.49 −0.48 0.19 −0.06 1.00 −0.14 −0.44 −0.40 0.29 −0.19 1.00
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3.3. Models Analysis
As complex models are often hindered by convergence issues, we leveraged a Poisson model
approximation to evaluate the relationship between the spirometry tests (FVC, DLco) and the HRCT
measures. Poisson models were fitted over data using the score given from the Gender-Age-Physiology
(GAP) index [28] as the response variable, and each one of the HRCT measures at different thresholds as
the explanatory variable. GAP provides a screening method to determine the average risk of mortality
of patients with IPF stratifying them into three stages based on clinical (sex and age) and physiological
(FVC and DLco) variables. It provides 1-, 2-, and 3-year mortality estimates. GAP stage 3 indicates the
worst-case scenario.
Table 5 highlights how the NL measure is most strongly related to the response (p = 0.009).
In particular, it has at least one more point of log-likelihood (minimum value to affirm that two
models do not contain the same information) beyond the second-best measure, which shows a
borderline p-value (0.047). Measures at 0 or -200 HU show no difference (correlation coefficient = 0.99),
while measures at +200 HU seem to hold less information, although some measures are more robust
than others to threshold choices.
Table 5. Poisson models were fitted over HRCT data, using the Gender-Age-Physiology (GAP) index
as a response variable, and each of the HRCT measures at different thresholds as explanatory variables.
200 HU 0 HU -200 HU
p-Value Log-lik p-Value Log-lik p-Value Log-lik
Kurtosis 0.28 −33.40 0.06 −31.97 0.047 −31.80
NL% 0.08 −32.46 0.008 −30.68 0.009 −30.76
PFF% 0.34 −33.54 0.12 −32.89 0.13 −32.94
HAA_A% 0.10 −32.71 0.09 −32.66 0.09 −32.68
HAA% 0.98 −33.96 0.85 −33.95 n.a. n.a.
LAA% 0.19 −33.22 0.24 −33.36 0.24 −33.36
n.a.= not applicable
Mixed models, using FVC and DLco as response variables, were considered for the NL measure
at −200 and +200 HU. A gamma distribution was assumed since FVC and DLco are both positive and
continuous (logarithmic link for convergence problems). As shown in Table 6, NL seems to have a
strong relationship with both responses whatever the threshold (p-value < 0.01).
Table 6. Mixed models using FVC and DLco as response variables, and NL at −200 HU and +200 HU
as the explanatory variable. The regression coefficient estimates (β) and their standard error (SE)
are reported on the link function scale (natural logarithm -Ln-). For immediate reading, coefficient
estimates were exponentiated (Exp). Finally, the comparison was carried out in terms of log-likelihood
(Log-lik).
200 HU −200 HU
β; Exp (β) SE [β] p-Value Log-lik β Exp (β) SE [β] p-Value Log-lik
Ln (FVC) 0.006 1.006 0.002 7.38 × 10−4 −233 0.01 1.003 0.003 1.44 × 10−3 −234
Ln (DLco) 0.007 1.007 0.003 8.61 × 10−3 −230 0.002 1.003 0.005 1.45 × 10−4 −227
4. Discussion
In recent years, many studies have focused on recognizing diagnostic indicators for complex
diseases such as IPF. HRCT examinations present crucial advantages for the management of IPF
patients, both because they provide increased accuracy and because they reduce the need for a lung
biopsy. The non-invasiveness of HRCT studies, the large amount of data they provide, and the set of
parameters, correlated to the disease that can be derived from such data, make HRCT a suitable tool
for IPF studies. Unfortunately, most of the currently published studies are based only on qualitative
evaluations of HRCT, with the drawback that visual analysis is time-consuming and therefore of limited
Diagnostics 2020, 10, 306 10 of 12
use in clinical environments. Although several analysis methods have been proposed to objectively
evaluate HRCT examinations, it is still not entirely clear which index should be adopted. Recent
studies investigating histogram-based indices for IPF evaluations provided very promising results.
Nevertheless, such investigations widely differ in terms of the type of software used to perform the
analysis, and lack a standard definition of the HU range in which the whole lung volume should be
measured. The major source of uncertainty is the upper HU threshold.
We leveraged clinically acquired volumetric data in our study to investigate whether some
correlation exists between densitometric HRCT measures and pulmonary functional tests. Additionally,
as the choice of a proper upper HU threshold is a key source of uncertainty which has been poorly
investigated in the literature, we explored the variability of these indices for different choices of HU
ranges for parenchyma measurement. To date, choosing the upper HU threshold has been largely
subjective rather than driven by true insight. Therefore, we focused on the three values which seem to
be the most common options in the scientific literature (−200 HU, 0 HU, and +200 HU). For this reason,
this paper addresses the HU threshold issue in quantifying HRCT indices, which must be understood
to make them fully reliable and to set a proper standard in the field. Our analysis demonstrated
relevant differences in the results by the three thresholds. Using the GAP index as the response variable
and the HRCT measures at the three different thresholds as explanatory variables, we discovered
that the best diagnostic performance is achieved for the −200 HU threshold, with the most significant
variables being Kurtosis and NL (p = 0.049 and p = 0.009, respectively).
The need to identify the best diagnostic performance is related to the increasing use of quantitative
indices as biomarkers for monitoring disease behaviour. This biological behaviour needs to be defined
not only on pulmonary function tests, but also on functional parameters obtained by a kind of radiomics
analysis. Therefore, we sought to assess the correct method for quantitative analysis by exploring
the relationship between pulmonary function test measurements and HRCT indices with a Poisson
model approximation to identify the measurements of highest log-likelihood value. This relationship
is very important in the management of diseases; some progressive patterns of disease, which have
been now labelled as “progressive phenotypes of fibrosis”, will be monitored by evaluating even very
small variations of these functional and quantitative parameters. Consequently, the measurement of
quantitative features extracted from HRCT images needs to be more accurate, and the methodology
becomes relevant. Optimal performance is needed to assess diagnosis and to determine management.
This study, however, has some limitations. For example, this kind of study may be influenced
by the patient inspiration level. Additionally, an incorrect manoeuvre or the presence of artefacts
may affect the extraction of quantitative parameters from HRCT examinations. Spirometric control
was not used at the time of data collection. As such, given the retrospective nature of the study,
we cannot ensure that inspiration was optimal during acquisition. Nevertheless, the quality of all
HRCT studies was reviewed and approved by our radiologists before their inclusion within the present
study. Further, our results were obtained from a relatively small number of patients, and validation
on a larger sample would be advisable. Despite these limitations, our study showed a stronger
relationship between NL and both the FVC and DLco parameters compared to the other HRCT
measures considered. This suggests the usefulness of NL in association with pulmonary function
test values as a diagnostic marker for disease behaviour. Nonetheless, this result could be affected
by a low specificity (high false-positive rate) if applied blindly in a general lung disease patient
group. For this reason, it is important to stress the need for further studies to evaluate its ability to
predict patient survival and to better understand if it might also rival spirometry tests in terms of
diagnostic performance. Specifically, a prognosis evaluation with a sufficient time interval to assess
longitudinal disease behaviour will be reserved for an upcoming paper by comparing state-of-the-art
HRCT features with transplant-free survival and with the variation of spirometry measures over time.
Finally, because IPF affects males more frequently (ratio 2:1), the majority of patients in our study
were male. Obviously, different genders exhibit different thoracic dimensions and configurations
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(for example, the lung region, ribcage dimension, and diaphragm length are comparatively smaller in
females). In the future, we will systematically investigate the impact of such factors.
5. Conclusions
Based on our results, computer-based analysis provides a promising tool for the assessment of
patients with IPF disease. In particular, among all the parameters we considered in the quantification
of HRCT images, NL at −200 HU demonstrated the strongest correlation with disease severity. It can
be leveraged for IPF diagnosis and to aid decision making in daily clinical practice. Studies featuring a
larger patient population are advised to further confirm the present findings.
Author Contributions: Conceptualization: A.S., G.R., S.P., S.E.T. and C.V. Data curation: M.G. Formal analysis:
M.G. and M.A. Funding acquisition: S.P. and S.E.T. Investigation: M.G. Methodology: A.S., M.G and M.A. Project
administration: C.V. Resources: S.P., S.E.T., A.B., V.B., G.S., D.F. and A.G.T. Software: A.S.; Supervision, C.V.
Validation: A.C. Visualization: S.P. Writing – original draft, A.S. Writing – review & editing: S.B., A.Y. All authors
have read and agreed to the published version of the manuscript.
Funding: This research received no external funding
Conflicts of Interest: The authors declare no conflict of interest.
References
1. American Thoracic Society. Idiopathic pulmonary fibrosis: Diagnosis and treatment. International consensus
statement. American Thoracic Society (ATS) and the European Respiratory Society (ERS). Am. J. Respir. Crit.
Care Med. 2000, 161, 646–664. [CrossRef]
2. Tzouvelekis, A.; Spagnolo, P.; Bonella, F.; Vancheri, C.; Tzilas, V.; Crestani, B.; Kreuter, M.; Bouros, D. Patients
with IPF and lung cancer: Diagnosis and management. Lancet Respir. Med. 2018, 6, 86–88. [CrossRef]
3. Puglisi, S.; Torrisi, S.E.; Giuliano, R.; Vindigni, V.; Vancheri, C. What We Know about the Pathogenesis of
Idiopathic Pulmonary Fibrosis. Semin. Respir. Crit. Care Med. 2016, 37, 358–367. [CrossRef] [PubMed]
4. Raghu, G.; Collard, H.R.; Egan, J.J.; Martinez, F.J.; Behr, J.; Brown, K.K.; Colby, T.V.; Cordier, J.F.; Flaherty, K.R.;
Lasky, J.A.; et al. An Official ATS/ERS/JRS/ALAT Statement: Idiopathic pulmonary fibrosis: Evidence-based
guidelines for diagnosis and management. Am. J. Respir. Crit. Care Med. 2011, 183, 788–824. [CrossRef]
[PubMed]
5. Sverzellati, N. Highlights of HRCT imaging in IPF. Respir. Res. 2013, 14, S3. [CrossRef]
6. Palmucci, S.; Torrisi, S.E.; Falsaperla, D.; Stefano, A.; Torcitto, A.G.; Russo, G.; Pavone, M.; Vancheri, A.;
Mauro, L.A.; Grassedonio, E.; et al. Assessment of Lung Cancer Development in Idiopathic Pulmonary
Fibrosis Patients Using Quantitative High-Resolution Computed Tomography: A Retrospective Analysis.
J. Thorac. Imaging 2019, 35, 115–122. [CrossRef]
7. Salaffi, F.; Carotti, M.; Di Donato, E.; Di Carlo, M.; Ceccarelli, L.; Giuseppetti, G. Computer-aided tomographic
analysis of interstitial lung disease (ILD) in patients with systemic sclerosis (SSc). Correlation with pulmonary
physiologic tests and patient-centred measures of perceived dyspnea and functional disability. PLoS ONE
2016, 11, e0149240. [CrossRef]
8. Ohkubo, H.; Kanemitsu, Y.; Uemura, T.; Takakuwa, O.; Takemura, M.; Maeno, K.; Ito, Y.; Oguri, T.;
Kazawa, N.; Mikami, R.; et al. Normal lung quantification in usual interstitial pneumonia pattern: The
impact of threshold-based volumetric CT analysis for the staging of idiopathic pulmonary fibrosis. PLoS ONE
2016, 11, e0152505. [CrossRef]
9. Tanizawa, K.; Handa, T.; Nagai, S.; Hirai, T.; Kubo, T.; Oguma, T.; Ito, I.; Ito, Y.; Wayanabe, K.; Aihara, K.;
et al. Clinical impact of high-attenuation and cystic areas on computed tomography in fibrotic idiopathic
interstitial pneumonias. BMC Pulm. Med. 2015, 15. [CrossRef]
10. Ash, S.Y.; Harmouche, R.; Vallejo, D.L.L.; Villalba, J.A.; Ostridge, K.; Gunville, R.; Come, C.E.; Onieva, J.;
Ross, J.C.; Hunninghake, G.M.; et al. Densitometric and local histogram based analysis of computed
tomography images in patients with idiopathic pulmonary fibrosis. Respir. Res. 2017, 18, 45. [CrossRef]
11. Kim, H.J.; Brown, M.S.; Chong, D.; Gjertson, D.W.; Lu, P.; Kim, H.J.; Coy, H.; Goldin, J.G. Comparison of the
Quantitative CT Imaging Biomarkers of Idiopathic Pulmonary Fibrosis at Baseline and Early Change with
an Interval of 7 Months. Acad. Radiol. 2015, 22, 70–80. [CrossRef] [PubMed]
Diagnostics 2020, 10, 306 12 of 12
12. Comelli, A.; Stefano, A.; Bignardi, S.; Russo, G.; Sabini, M.G.; Ippolito, M.; Barone, S.; Yezzi, A. Active contour
algorithm with discriminant analysis for delineating tumors in positron emission tomography. Artif. Intell.
Med. 2019, 94, 67–78. [CrossRef] [PubMed]
13. Wang, J.; Li, F.; Li, Q. Automated segmentation of lungs with severe interstitial lung disease in CT. Med. Phys.
2009, 36, 4592–4599. [CrossRef] [PubMed]
14. Ballangan, C.; Wang, X.; Fulham, M.; Eberl, S.; Feng, D.D. Lung tumor segmentation in PET images using
graph cuts. Comput. Methods Programs Biomed. 2013, 109, 260–268. [CrossRef]
15. Wanet, M.; Lee, J.A.; Weynand, B.; de Bast, M.; Poncelet, A.; Lacroix, V.; Coche, E.; Gregoire, V.; Geets, X.
Gradient-based delineation of the primary GTV on FDG-PET in non-small cell lung cancer: A comparison
with threshold-based approaches, CT and surgical specimens. Radiother. Oncol. 2011, 98, 117–125. [CrossRef]
16. Chen, H.; Butler, A. Automatic Lung Segmentation in HRCT Images. In Proceedings of the 2011 26th
International Conference on Image and Vision Computing, Wellington, New Zealand, 29 November–1
December 2011; pp. 293–298.
17. Massoptier, L.; Misra, A.; Sowmya, A. Automatic lung segmentation in HRCT images with diffuse
parenchymal lung disease using graph-cut. In Proceedings of the 2009 24th International Conference
Image and Vision Computing New Zealand, Wellington, New Zealand, 23–25 November 2009; pp. 266–270.
18. Cuocolo, R.; Stanzione, A.; Ponsiglione, A.; Romeo, V.; Verde, F.; Creta, M.; La Rocca, R.; Longo, N.; Pace, L.;
Imbriaco, M. Clinically significant prostate cancer detection on MRI: A radiomic shape features study. Eur. J.
Radiol. 2019, 116, 144–149. [CrossRef]
19. Castiglioni, I.; Gilardi, M.C. Radiomics: Is it time to compose the puzzle? Clin. Transl. Imaging 2018, 6,
411–413. [CrossRef]
20. Stefano, A.; Comelli, A.; Bravata, V.; Barone, S.; Daskalovski, I.; Savoca, G.; Sabini, M.G.; Ippolito, M.;
Russo, G. A preliminary PET radiomics study of brain metastases using a fully automatic segmentation
method. BMC Suppl. 2020, in press.
21. Giambelluca, D.; Cannella, R.; Vernuccio, F.; Comelli, A.; Pavone, A.; Salvaggio, L.; Galia, M.; Midiri, M.;
Lagalla, R.; Salvaggio, G. PI-RADS 3 Lesions: Role of Prostate MRI Texture Analysis in the Identification of
Prostate Cancer. Curr. Probl. Diagn. Radiol. 2019. [CrossRef]
22. Gillies, R.J.; Kinahan, P.E.; Hricak, H. Radiomics: Images Are More than Pictures, They Are Data. Radiology
2016, 278, 563–577. [CrossRef]
23. Lee, G.; Lee, H.Y.; Park, H.; Schiebler, M.L.; van Beek, E.J.R.; Ohno, Y.; Seo, J.B.; Leung, A. Radiomics and its
emerging role in lung cancer research, imaging biomarkers and clinical management: State of the art. Eur. J.
Radiol. 2017, 86, 297–307. [CrossRef] [PubMed]
24. Comelli, A.; Stefano, A.; Russo, G.; Bignardi, S.; Sabini, M.G.; Petrucci, G.; Ippolito, M.; Yezzi, A. K-nearest
neighbor driving active contours to delineate biological tumor volumes. Eng. Appl. Artif. Intell. 2019, 81,
133–144. [CrossRef]
25. Comelli, A.; Stefano, A.; Russo, G.; Sabini, M.G.; Ippolito, M.; Bignardi, S.; Petrucci, G.; Yezzi, A. A smart and
operator independent system to delineate tumours in Positron Emission Tomography scans. Comput. Biol.
Med. 2018, 102, 1–15. [CrossRef]
26. Torrisi, S.E.; Palmucci, S.; Stefano, A.; Russo, G.; Torcitto, A.G.; Falsaperla, D.; Gioe, M.; Pavone, M.;
Vancheri, A.; Sambataro, D.; et al. Assessment of survival in patients with idiopathic pulmonary fibrosis
using quantitative HRCT indexes. Multidiscip. Respir. Med. 2018, 13, 13–43. [CrossRef]
27. Mesanovic, N.; Grgic, M.; Huseinagic, H.; Males, M.; Skejic´, E.; Muamer, S. Automatic CT Image
Segmentation of the Lungs with Region Growing Algorithm. Signals Image 2017, 395–400.
Available online: http://www.vcl.fer.hr/papers_pdf/Automatic%20CT%20Image%20Segmentation%20of%
20the%20Lungs%20with%20Region%20Growing%20Algorithm.pdf (accessed on 14 May 2020).
28. Ley, B.; Ryerson, C.J.; Vittinghoff, E.; Ryu, J.H.; Tomassetti, S.; Lee, J.S.; Poletti, V.; Buccioli, M.; Elicker, B.M.;
Jones, K.D.; et al. A multidimensional index and staging system for idiopathic pulmonary fibrosis. Ann. Intern.
Med. 2012, 156, 684–691. [CrossRef] [PubMed]
© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).
